Abstract: Analyzing DNA recombination processes is a scientific problem that is both process and data driven. Applying the technique of scientific workflow in this problem was useful and showed the importance of such method. The detection of recombination from DNA sequences is relevant to the understanding of evolutionary and molecular genetics. While programs such as GENECONV have been identified as detecting recombination more reliably than others, previous studies have not analyzed how many recombinations they fail to detect. We developed a scientific workflow method for simulating recombination and testing the effect of pairwise differences on its detectability. Decreases in recombination rate due to pairwise differences resulted in population clusters analogous to sympatric speciation under specific conditions and decreases in detectability of recombination, the phenomenon of cryptic recombination. Also, this computational method demonstrated the value of scientific workflow methods for analyzing a complex process and data-driven problem.
Introduction
Computer modeling of genomic data is a powerful tool for simulating mechanisms maintaining diversity and mediating evolution of organisms and for testing methods measuring such mechanisms. One measure of genetic diversity of a bacterial population is the average pairwise difference, which Whittam has estimated for several genes of E. coli to be about 2% (Whittam 1996) . Average pairwise differences reported by Alhiyafi et al. (Alhiyafi et al. 2007 ) in the fimH and uidA genes in natural populations of E. coli were 2.1% and 2.0%, respectively. While point mutations can certainly create pairwise differences between bacterial strains, genetic change can also come about through horizontal gene transfer by recombination. A central problem in understanding the diversity and evolution of organisms, therefore, is understanding the degree to which genetic change has come about through recombination. This problem is complicated by the fact that recombination is both affected by sequence diversity and is a mechanism that helps to maintain it. This paper uses computer simulation of recombination to analyze the effect of sequence diversity on population structure and on the efficacy of methods used to detect recombination.
The seminal discovery of recombination by bacterial conjugation was made by Lederberg (Lederberg and Tatum 1946) . During conjugation, a single strand of replicated DNA is transferred sequentially through a bridge connecting the donor to the recipient cell. Genes can integrate into the recipient's chromosome by homologous recombination, in which portions of the recipient cell's chromosome are replaced by similar or identical sequences from the donor. Correspondingly, for modeling this process in a computer simulation, in each successful recombination event, the DNA sequence of the donor cell remains intact; whereas, the DNA sequence of the recipient is replaced by a chimera of the donor and recipient DNA sequences, a process also called gene conversion. Recombination of bacterial genomes is widespread, occurring in soil bacteria (Vilas-Boas et al. 2002) , numerous pathogens, such as Neisseria meningitidis (Hanage et al. 2005) , and in enteric bacteria, such as Salmonella spp. (Falush et al. 2006) .
Until recently most simulations of recombination used a constant rate of recombination between members of a population. For example, to evaluate programs that detect recombination, Posada and Crandall (Posada 2001 ) simulated recombination using the coalescent (a method that models events backward in time (Hudson 1983; Brown et al. 2001) Although recombination rates varied between runs, to test programs under a variety of conditions, the rates stayed constant throughout each simulation and the probability or rate of recombination was the same regardless of differences between the simulated "mates." Another coalescent model with recombination incorporated "hotspots" of recombination in the modeled genome (Wiuf and Posada 2003) , but the same spots stayed "hot" regardless of the dissimilarity of the recombining genes. Similarly, Alhiyafi et al. (Alhiyafi et al. 2007 ) analyzed the detectability of recombination in simulated recombinations of 1000 bp DNA sequence variants in which recombination occurred at a constant rate.
However, recombination rate is known to decrease exponentially with increasing genetic difference between potential recombining sequences, an effect that should be taken into account in realistic simulations of recombination. Among recombinations of five bacterial strains (two strains of E. coli, and one each of Shigella flexneri, E. fergusoni, and Salmonella typhimurium, each reciprocally crossed with E. coli K12) recombination frequency decreased exponentially with amount of DNA sequence divergence, decreasing by approximately three orders of magnitude for a 10% pairwise difference in DNA sequences (Vulić et al. 1997) . Similarly, recombinations between E. coli strains from Lenski's long-term closed cultures (Lenski and Travisano 1994; Lenski et al. 2003) decreased in frequency approximately 0.5 log units with a 0.2% sequence divergence (Vulić et al. 1999) . Extrapolating their data suggests a decrease of 5 orders of magnitude for a 2% sequence divergence. In studies of recombination between homologous DNA sequences in plasmids and phage lambda in E. coli (K12) hosts, Watt et al. (Watt et al. 1985) observed a 2-to 4-fold decrease in recombination frequency with a single mismatched base out of 53, and Shen and Huang (Shen and Huang 1986) observed up to a 300-fold decrease in recombination with a 16% DNA sequence mismatch. Fraser et al. (Fraser et al. 2007 ) also summarizes data in Bacillus subtilis, Bacillus mojavensis, Streptococcus pneumoniae, and E. coli that suggest an average 1000-fold decrease in recombination with a 16% DNA sequence mismatch. While considerable variations in the quantitative estimates are apparent, there is no disagreement with the general observation that recombination frequency decreases with greater pairwise difference between potentially recombining genomes.
Recently, several studies have modeled decreases of recombination rates with genetic distance to study its potential as a mechanism for sympatric simulation. Modeling sexual selection with a stochastic model, Arnegard and Kondrashov (Arnegard and Kondrashov 2004 ) simulated mating occurring most frequently between individuals whose "preference genes" most closely matched their "color genes." Their results showed the potential for similarity-based changes in mating frequency to result in sympatric speciation. A model by Falush et al. (Falush et al. 2006) indicated that homology dependent recombination rates could result in the separation of simulated populations into several clusters, suggested to be de novo speciation, once a critical population size has been exceeded. Fraser et al. (Fraser et al. 2007 ) described a stochastic model of bacterial recombination of alleles of multiple genes in which the recombination rate decreased with increasing sequence divergence. Clusters could arise in the model but, they suggested, only when recombination rate decreased with genetic distance at larger than realistic steepness.
The present study similarly uses a stochastic model of bacterial recombination to study not only the potential for sympatric speciation but also to investigate the effect that such a model has on the detectability of recombination. Computational methods to detect evidence for prior recombination from extant sequences work by identifying discontinuities in sequence similarities or genetic distance (e.g., GENECONV (Sawyer 1989) , MAXCHI (Smith 1992; Posada 2001) ) or by phylogenetic methods that, for example, identify incongruous tree topologies (e.g., RECPARS (Hein 1990) ). Many methods have been evaluated (Brown et al. 2001; Posada 2001; Wiuf et al. 2001) and new ones continue to be developed (Etherington et al. 2005; Bruen et al. 2006) . In comparisons of recombination analysis software, GENECONV was among the most highly ranked (Brown et al. 2001; Posada 2001 ). The present study evaluates the ability of GENECONV to detect prior recombinations in simulated sequences.
Variations in sequence diversity may be expected to have two important effects on the performance of recombination detection programs. The first, which we have explored in a previous paper (Alhiyafi et al. 2007) , is that since detecting putative recombinant fragments depends on identifying significant differences in sequence, recombination between more divergent sequences is easier to detect. Recombinations that occur between highly similar sequences are often not detected (as much as 85% of the time with an average pairwise difference of 2%), a characteristic that we called cryptic recombination.
The second way in which diversity affects the detection of recombination, which we examine in the present paper, is through the negative effect that diversity has on the frequency of recombination itself. In this paper we investigate the hypothesis that the pairwise difference effect on recombination frequency decreases the efficacy of recombination detection programs in detecting recombination. This paper examines and quantifies the hypothesis that such programs fail to identify a significant number of recombination events and, in particular, a large proportion of the more frequent recombinations between similar sequences.
The choices of lengths of sequences simulated and the lengths of simulated recombination fragments (L and RL in the models) used in the present study are based on biological data on the genes uidA (encoding beta-glucuronidase) and fimH from Escherichia coli and average detected recombination fragments in studies of intragenomic recombination, as described previously (Ram et al. 2004; Alhiyafi et al. 2007; Alhiyafi et al. 2009 ). For uidA and fimH, the average gene conversion fragment size detected by GENECONV was 240 -260 bp. For 4 different E. coli genomes (U00096, AE014075, BA000007, AE005174), the average lengths of aligned DNA in families of 3 or more proteins aligned by BLASTCLUST were 965, 828, 871, and 919, respectively, weighted according to the number of sequences in each cluster. The average lengths of gene conversion fragments identified by GENECONV in these clusters were 440, 198, 271, and 315 , for an overall average of approximately 300 bp.
The main contributions of this paper are: 1. A method for generating initial populations of DNA sequences of any given average pairwise difference is described. 2. DNA recombinations are simulated for populations having various initial pairwise differences, using scientific workflow Grid-based computational processes. 3. The effect of varying the recombination rate according to the pairwise difference between the potentially recombining sequences was examined. Two effects of varying the recombination rate were: a. Under some conditions of initial pairwise differences and steepness of the pairwise difference:recombination rate relationship, multiple populations could arise, illustrating a mechanism that could underlie sympatric speciation, and b. Decreasing recombination rate according to the pairwise difference between potentially recombining sequences decreased the percentage of simulated recombinations that could be detected by GENECONV. Thus, the problem of "cryptic recombination," previously identified by Alhiyafi et al. (Alhiyafi et al. 2007 ) using constant recombination rates, is exacerbated by the effect of pairwise differences on recombination rate. 4. We conclude that variation in recombination rate due to sequence mismatches should be taken into account when estimating recombination rates and when designing recombination detection experiments.
Methods

Simulation Model: Scientific Workflow Method
Simulated populations of sequences were generated and analyzed by a Recombination Simulation Scientific Workflow System (RSSWS) (Figure 1 ). This system, which will be described in more detail in another publication, employs workflow system methods in a grid environment and simulates recombination, replication, and selection through many generations. We used the scientific workflow method, implemented as the Recombination Simulation Scientific Workflow System (RSSWS, Figure 1 ), to automate the process, to rerun the analysis multiple times, and to follow the workflow execution.
For simplicity, the model does not include point mutations since we wanted to test the influence of pairwise difference on recombination on population structure and detection of recombination when recombination was the only mechanism causing changes in sequence. By initializing simulations with populations of any given pairwise difference, the method did not depend on a random mutation model to generate the diversity being analyzed. Another feature is that this model utilizes a neutral model of population regulation, without selection. As in a previous stochastic model of bacterial recombination (Fraser 2007) , the use here of a neutral model is not a denial of selection, but rather an attempt at exploring the diversity of sequences in a null model, upon which selection can be subsequently imposed. The workflow process in which point mutation and selection could be incorporated is identified in Section 2.4.
Creating the initial population
Creating the initial population consists of two steps. The first step is creating the initial alleles of the population as we describe below, and the second step is making N/K copies of each allele, where N is the size of the population and K is the number of alleles created.
Creating the initial alleles. An algorithm was developed to create initial alleles of sequences of any given average percentage pairwise difference (APD). The inputs for this process are desired APD, sequence length (L), and number of alleles (K) in the initial population. Each sequence consists of characters from a given character set (for genetic sequences: A, G, C, and T). The goal is to generate a uniformly distributed family containing K sequences, each of length L, having average number of differences AD between all sequences where AD = APD * L. The problem is non-trivial since each additional sequence added to the population must be considered with respect to its pairwise differences from every previously existing allele, a complex combinatorial challenge. The method uses a calculation of the estimated average number of changes expected at a particular position in a set of sequences that we derived as follows:
Calculating the changes per column: Stepping across the rows. Assume a given family of K sequences each of length L has the desired APD. After aligning all sequences, one above the other, the letters at each sequence position represent a column of values. From these K sequences, the average number of differences per column (differences per column) is calculated. The total number of sequence comparisons to calculate the APD of this family would be: K(K-1)/2. It follows that the total number of character comparisons will be L*K(K-1)/2. The total number of character differences found across the length of all the sequence comparisons will be AD * K (K -1) / 2 = total number of character differences
The total number of character differences can also be determined by finding the average number of character differences in each column, then multiplying by the L rows. That is (differences per column) * L = total number of character differences This gives:
Substituting AD = APD * L and dividing both sides by L gives:
Stepping down the columns. Now, a worst-case scenario and best-case scenario for the average number of differences per column (differences per column) will be calculated by looking at individual columns. Consider a column of length K and a base character chosen randomly from a given character set. C positions in the column will be chosen to contain a random character from the character set that is not the same as the base character. The remaining K-C positions will contain the base character. The range in the number of character differences in this column is estimated as follows:
Case 1 -"Best" Case: Suppose the same character is chosen for each of the C positions. The number of character differences in this column will be:
Case 2 -"Worst" Case: Suppose a different character is chosen for each of the C positions, so that none of the C positions contain the same character. This column will contain (K-C)C differences between the base characters and the set of C characters. Within the set of C characters, since all characters are different, an additional C(C-1)/2 differences will be introduced:
Formulas (4) and (5) indicate the range of differences that will result due to changes made to a column. Formula (4) represents the fewest number of differences that may result when changing C characters in a column, and formula (5) represents the largest number of differences from changing C characters in a column. Combining these equations with formula (3) gives the average number of difference per column for a sequence family with K sequences and a given APD, as follows:
(6), and
corresponding to formulas (4) and (5), respectively, which can be rearranged into the following quadratics in terms of C, respectively:
Solving the quadratic equation for C gives bounds on the average number of changes per column. For each quadratic, only one solution for C fits the scenario of the problem. Averaging each of the proper solutions gives an approximate number of changes per column to use in the Creating Initial Population Process algorithm.
Creating Initial Population Process. Algorithm CreateInitialPopulation, given in Figure 2 , is the first task in RSSWS. In line 10 of the algorithm, the loop starts with the i th character of each sequence. In line 11, the average number of changes per column based on equation (8) and (9) above is calculated. In line 12, a random base char (A, G, C or T, corresponding to the four DNA nucleotides) is selected from the character set. In line 13, the loop to generate the i th character of each sequence begins. In each iteration, a random number between one and the average number of changes per column is generated. If the random number is one, then the i th character of the current sequence is assigned randomly to a character from the character set. Otherwise, we set the i th character of the current sequence to be the base character selected in line 12. Then we move to the next sequence and generate its i th character. Once we generate the i th character in all of the K sequences, we move to the next i th character and repeat steps in lines 11 through 19. We repeat the above until we generate L characters for each sequence. Once we generate all alleles, we create the initial population that consists of N/K copies of each allele. The above model was used to generate populations with initial APD varying from 1% to 10%. Although bacterial "species" have APDs typically of just a few percent (e.g., ~2% in E. coli; Alhiyafi et al. 2007 ), larger differences are considered because they are relevant to recombination between species and between sequences in gene families (Alhiyafi et al. 2009 ).
Recombination Rate Processes
Recombination rate (RR) is the probability that the alleles of two arbitrary individuals will recombine. The model described here varies RR as a function of pairwise differences between the potentially recombining alleles. Previously used constant recombination rates (i.e. not varying according to pairwise differences, as in Alhiyafi et al. (Alhiyafi et al. 2007 ) had been chosen to result in approximately the same number of alleles in the population after simulation of 1500 generations. The current study used a similar average recombination rate for the entire population of sequences, taking into account that more closely related sequences would recombine more frequently whereas more divergent pairs would have a lower rate. This enabled the comparison of populations that began with nearly identical initial average recombination rates, despite differences in individual pairwise rates.
The constant recombination rate to which the average recombination rate in the variable rate model is made equivalent in the current study is called the fixed recombination rate (RR fixed ). The effect of mismatches on recombination rate was incorporated into the calculations with the following equation, which yields an exponential decrease in recombination rate (RR ik ), dependent on the pairwise difference (PD ik ) between the potentially recombining sequences, i and k:
Delta () determines the steepness of the relationship. Since empirical estimates of Δ have varied over a broad range, we tested values of Δ over a broad range (1.67 -55). RR 0 is a constant determined prior to the simulation to adjust the initial average recombination rate for the population to be the same as simulations with a fixed recombination rate, RR fixed , with which results are being compared. In that way, populations can start out with the same average recombination rate. RR 0 is calculated as:
i=1 k=i+1
 ranged from 1.67 (a very steep decrease in recombination rate with decreases in recombination rate of about 6 orders of magnitude for each 1% difference in sequence) to 55 (produces a 1000-fold decrease in recombination rate for each 16% increase in pairwise differences, similar to rates reviewed by Fraser et al. 2007 ). As previously noted, initial average pairwise differences in simulated populations varied up to 10%.
Calculate recombination rate process.
Prior to running the simulation, recombination rates for all possible pairwise differences are calculated ("calculate_recomb_rate" process in Figure 1 ). During the multigenerational simulation, the "recombine" process uses these pre-calculated rates.
Recombination Process. The third component of the workflow runs the main recombination process. This process is identical to Algorithm Recombination shown in Figure 3 of Alhiyafi et al. (Alhiyafi et al. 2007 ) except that in line 15, the recombination rate for the two potentially recombining sequences is calculated based on the pairwise difference between the two sequences (by lookup in the table generated by the calculate_recomb_rate process) rather than being equal to RR fixed .
Simulation of multiple generations
After setting various parameters (initial number and diversity of alleles, sequence length, population size, recombination fragment size, recombination rate (see above regarding variation of recombinant rate according to pairwise differences), the model is run for a number of generations, M. In M generations, recombination events, replication, and selection processes occur. Algorithm Recombination determines probabilistically for all possible pairs of sequences whether a recombination event has occurred and if it has, then employs a roulette wheel algorithm to determine where the starting position is located for recombining a fragment of length L from "parent" one into the sequence of "parent" two to produce a new daughter sequence for the next generation. After all recombinations for one generation are determined probabilistically, the resultant population is replicated (process: replication), simulating cell division to a potential population size of 2 * N. However, to keep population size constant, as would be the case for a stable biological population, N individuals are randomly chosen from the total 2 * N population for the next generation (process: selection). By randomly choosing which individual sequences to eliminate, this process simulates neutral selection; however, this step could be modified in future versions to yield non-neutral selection.
One series of the processes of recombination, replication, and selection count as one generation and is repeated for M generations. A history of all recombination events is recorded for future comparisons and analysis.
GENECONV Analysis
To determine the detectability of simulated recombination events, the FASTA file of DNA allele sequences present at generation 1500 of each simulation was submitted to GENECONV, which generated lists of pairs of sequences identified as having putative gene conversions. To estimate how many known recombination events were not detected (cryptic recombination) by GENECONV, the analyze process compares the record of simulated recombination events that generated the population being analyzed to the list of putative gene conversions identified as significant pairwise inner fragments by GENECONV. As in our previous study of simulated recombination with fixed recombination rates (Alhiyafi et al. 2007 ), this comparison was done for only the recombination products known to have been generated in the last ten generations of the simulation since multiple recombination events could have obscured the recombinant products of earlier generations. The effects of pairwise differences of the parent sequences and of Δ, the variable that determines the steepness of the relationship between pairwise differences and the recombination rate, on the detectability of the resultant gene conversion events by GENECONV were analyzed.
As in previous studies by Alhiyafi et al. (Alhiyafi et al. 2007) , with constant recombination rates, the overall statistical significance of the pairwise inner fragments identified by GENECONV was determined by comparison to the number of pairwise inner fragments generated with the "randomize Sites" parameter turned on. Significance was determined from the Z value, where Z is calculated as follows: Z = (avg. observed data -avg. randomized data) / (sqrt (avg. randomized data))
Values of Z greater than ~2.5 indicate that the number of gene conversion fragments identified in the submitted data are significantly greater than would have occurred by chance.
Implementation of the workflow
The experiments reported in this paper utilized two environments: a frontend system and a backend system. Inputs are entered via a user interface implemented in C# on a windows PC with 2.8 GHz and 1 GB memory. The windows client machine connects to the backend via a secure channel. The backend is the Wayne State University grid with AMD and Intel machines. They have 8-16 GB RAM and 2-2.3 GHz operated by Linux machines. The simulation algorithms were implemented in C code. RSSWS automated the multistep procedure needed to simulate and detect DNA recombination events. Figure 3 illustrates the integration of the workflow system and the grid technology. Once the user executes the workflow, it passes the necessary data to the grid for processing. Once the execution is complete, the output data are transferred back to the user's machine. Output files are organized by the timestamp of the execution for future usage.
Each individual run of the simulation used 1500 generations (M), 1000 bp for the length of each sequence (L), 1000 individuals in the population (N), 300 bp for the recombination length (RL), 3.2 x 10 -6 as the fixed recombination rate (RR fixed ), and 40 alleles (K) at the beginning of the simulation. As explained above, delta (∆) in equation 10 determines the steepness of the relationship. The simulation was run with various delta values (1.67, 5, 10, 15, 20, 25, and 55) and various APD values (1%, 2%, 5%, and 10%).
Results
Changes in population structure
Although all simulations began with 40 alleles, the final number of alleles after 1500 generations increases or decreases depending on the initial APD. For example, Table 1 shows the number of surviving alleles for various APD and Δ set to 15. With 1%, 2%, 5%, and 10% APD, the average number of alleles after 1500 generations was 29.8 + 1.7, 52.1 + 7.1, 4.8 + 0.6, and 2.9 + 0.3 (mean + sem, n = 12, 12, 6, and 9), respectively. Regardless of the initial APD, after 1500 generations, the APD of the final population decreased to about 50% of the initial population APD (Figure 4) . The number of recombinations occurring in 1500 generations with the above mentioned parameters was approximately 4,750 and 14,500 recombination events when using fixed and variable recombination rates, respectively, an average of 3 and 9 recombinations/generation. The final set of alleles is the input for the GENECONV program to detect recombination events that will be compared to the recombination history recorded during the simulation process. In the last 10 generations that were compared with GENECONV output, 35-50 recombination events occurred when using a fixed recombination rate, and more than 135 recombination events occurred when using variable recombination rate. However, we discuss here first the effects of APD and Δ on population structure, and their effect on GENECONV performance in a later section. Simulated populations appear to change in structure over many generations. Depending on the values of APD and Δ, populations sometimes separate into multiple groups or clusters some of which appear to become extinct with passing generations. This is illustrated in representative population history diagrams in Figure 5 , in which the number of pairs with a given pairwise difference in each generation is quantified as different colors, over 1500 generations. In Figure 5A , recombination of an initial population with an initial average pairwise difference of 10 (i.e. 1% of the 1000 bp sequence) and Δ of 5 (a relatively steep decline in the probability of recombination with pairwise difference) almost immediately lost its most extreme pairwise differences and then slowly drifted towards populations with smaller pairwise distances.
In Figures 5B and 5C , with initial average pairwise distances of 2% and 5%, respectively, and Δ of 10 and 20, respectively, populations similarly narrowed initially, but one now sees that various subpopulations appear and disappear over time. In both examples, sequences with smaller pairwise differences than the initial population arise due to recombination. In some cases, particularly in Figure 5C , a specific pairwise difference would appear in the population for some generations and then disappear, presumably because the Selection process that maintains a constant population size had by chance eliminated them. Hence, subgroups in the population become extinct.
"Extinction" also occurred in Figure 5B for many subgroups, including alleles with pairwise differences of 31 which briefly broadened around generation 600 only to become extinct before generation 800. On the other hand, it"s perhaps no surprise that with recombinations between near relatives favored, that a population with pairwise differences of less than 10 arose in Figure 5C and continued until the end of the experiment. Another notable feature of Figures 5B and 5C is that by the end of 1500 generations the population seems to have broken up into several distinct subgroups, at least three in Figure 5C , and at least two distinct populations in Figure 5B (and perhaps three groups, depending on how one might interpret the smaller numbers (less reddish color) with pairwise differences between 5 and 10).
Finally, in Figure 5D , with a value of Δ of 55, the largest considered in this study, a population starting with an initial average pairwise distance of 20 (i.e., 2%), the population history somewhat resembles that shown in Figure 5A , with much smaller Δ and APD. Relatively small numbers of the population with large PD disappear relatively quickly, and the average pairwise difference in the population drifts towards lower values as the experiment proceeds. A similar population history to Figure 5D occurs when the simulations are done with a constant recombination rate that does not vary with pairwise difference (data not shown).
The occurrence and relative stability of separate populations at the end of some of these 1500 generation simulations (e.g., Figures 5B and 5C ) is a remarkably different outcome compared to a single population that slowly drifts towards lower average pairwise differences in other experiments ( Figures 5A and 5D ). The presence of multiple populations at generation 1500 was analyzed for a large number of simulations over a range of various values of initial APD and Δ. Multiple populations resulted from only a few sets of paramaeter combinations and never occurred with a constant recombination rate. More than 50% of the runs had multiple populations with APD = 5% and Δ = 20 or 25. Multiple populations at generation 1500 were also occasionally seen with APD = 1%, Δ = 5 and APD = 2%, Δ = 10. All other combinations of APD and Δ rarely (no more than once) or never resulted in multiple populations, as tested with 8 to 17 runs of each APD, Δ combination.
Detectability of Recombination
Sequences at generation 1500 were analyzed for evidence of recombination using GENECONV, and the identified related pairs were compared to the actual history of recombination recorded by the workflow system. The number of identified gene conversion fragments identified by GENECONV was always much greater than would have occurred by chance. For example, for the four representative populations illustrated in Figures 5A -D , the numbers of gene conversion fragments identified in the populations at generation 1500 were 32, 68, 243, and 295, for which values of Z were 11.7, 23.4, 59.1, and 67.3 , respectively (values of Z > than 2.5 indicates significance at p < 0.05).
However, despite detecting a significant number of gene conversions, when the gene conversions detected by GENECONV were compared to those that had actually occurred in the simulation, it was apparent that GENECONV missed a large proportion of them. A typical result is illustrated in Figure 6 , for populations that had been initiated with APD = 2%. Compared to the number of recombinations that actually occurred in the last 10 generations (generations 1491 to 1500) GENECONV detected only 8.1% + 0.9% of them. The percent detected improved somewhat in simulations with higher values of Δ, but was still only a little higher than 20% for Δ = 25. In comparison, with an equivalent fixed recombination rate, 30.0% + 1.6% were detected. Results followed similar trends for populations with other initial values of APD: as delta increased, the percent of recombinations detected increased.
A specific example, for the population illustrated in Figure 5B (2% APD and Δ = 10) is the following: At the end of 1500 generations, 25 alleles remained and were passed on to GENECONV. GENECONV detected 68 recombinations, but these included only 14 of the 255 gene conversions that actually occurred in the last 10 generations of the simulation process. The remainder of the 68 gene conversion fragments may represent recombinations that occurred in prior generations; however, this would still only account for a small fraction of the actual number of simulated recombinations, since in 1500 generations for this run, a total of 28,888 recombinations had occurred in the simulation, far more than the total detected by GENECONV.
Conclusions
This paper demonstrates that distance-modulated rates of recombination affects population structure and the detectability of recombination. The project also illustrates the use of a grid-based scientific workflow system for efficient simulation and analysis of the DNA recombination process and several useful algorithms in its implementation. The initial average pairwise differences in the population and the magnitude of the pairwise difference effect on recombination both affected whether populations remained unitary or broke up into distantly related subgroups. The findings in this study reinforced our previous observations (Alhiyafi et al. 2007 ) that many recombination events occur that are "cryptic," i.e. not detected by bioinformatics analysis based on discontinuities in pairwise differences between pairs of sequences.
The present model shows that changes in population structure akin to sympatric speciation can occur due simply to the effect of pairwise differences on recombination rate. Only certain combinations of pairwise differences and steepness of the pairwise difference-recombination rate relationship appear to favor such population clustering. The value of Δ seems key. As noted in the introduction to this paper, empirical estimates of the effect of pairwise differences on recombination rate vary widely. The observations of Vulić et al. (Vulić et al. 1999 ) suggest a decrease of 5 orders of magnitude for a 2% sequence divergence, which corresponds in our calculations to a value of Δ of approximately 4, while the rate effect reported by Fraser et al. (Fraser et al. 2007) corresponds to our Δ = 55. Part of the explanation for this difference of the effect of sequence divergence on recombination rate is that the experiments of Vulić et al. (Vulić et al. 1999) were carried out in strains in which the mismatch repair mechanism was defective, possibly exaggerating factors that affect recombination. Vulic et al. (Vulić et al. 1999) have suggested that variations in the mismatch repair mechanisms may promote speciation. This suggestion is supported in the present study by the fact that multiple populations emerged here with Δ within this range of possible values. Moreover, since the present recombination analysis model is run without simulated point mutations or non-neutral selection, the clustering of subgroups produced under some conditions could be enhanced where selection and point mutations are allowed. Recent empirical data indicates that sympatric speciation can occur in nature (Friesen et al. 2004; Bearhop et al. 2005; Bethenod et al. 2005) . This study indicates how the pairwise effect of sequence divergence on recombination rate may play a role in speciation.
Sequence divergence effects on recombination rate also exaggerated the difficulty of detecting gene conversion events.
The present study shows that variation of recombination rates with pairwise differences needs to be taken into account when estimating recombination rates and when designing recombination detection experiments. GENECONV often failed to identify more than 80% of recombination events, an error rate that increased as the mismatch effect became larger (i.e., lower Δ). In order to make a more realistic estimate of the rate of recombination in any given population, it may be necessary not only to ascertain the average pairwise difference by sequencing portions of representative strains in the population but also to do experiments to determine the value of Δ in any given population. These results thus confirmed our hypothesis that the pairwise difference effect on recombination frequency decreases the efficacy of recombination detection programs in detecting recombination. . Effect of Δ on the percentage of simulated gene conversions detected by GENECONV for simulated populations with intial APD = 2%. Bars represent the percentage of allele pairs known to have had gene conversions in the last ten generations of the simulation that were also identified by GENECONV as having gene conversion fragments. Also shown for comparison, is the result for simulations with APD = 2% when the recombination rate had a fixed value.
